The use of artificial insemination (AI) has been of enormous economic benefit for dairy farmers in many countries such as Ireland through the genetic improvement of their stock. Despite these benefits a significant proportion of dairy farmers continue to use natural mating over AI. Previous research has found that the cost of semen, the cost of insemination and success rate all affect the probability of farmers using AI. Using a nationally representative panel dataset, this paper examined if there were any farm or farmer characteristics that affected the probability of dairy farmers using AI. Modelling the farm factors driving the uptake of AI enables the understanding of the differences between various types of landowners which should in turn better equip policymakers to design policies and programs that efficiently promote good reproductive management. The results in this paper suggest that there is significant heterogeneity among farm households in relation to the uptake of AI with both characteristics of the farmer as well as structural farm factors all found to significantly affect the probability of a farmer adopting this agricultural innovation.
Introduction
The use of artificial insemination (AI) as a method of reproduction, particularly in the dairy sector, has been of enormous economic benefit through the genetic improvement of milk production, the control of venereal and other diseases and the reduction of lethal genes (Vishwanath, 2003; Watson, 1990; Shannon, 1978) . AI is now widely used in the dairy as opposed to the beef industry as dairy cows are observed every day thus making it easier to inseminate them when they come into oestrus. Although the immediate result from using AI is the impregnation of the dairy cow, the real benefit is that it gives all farmers the possibility of gaining from genetic improvements created elsewhere (Chupin and Thiber, 1995) . In addition to AI, a range of reproductive technologies have been developed over the last number of decades. These include progesterone-based and prostaglandin based oestrous synchronisation regimens, ovsynch-regimens for ovulation, embryo transfer and more recently "sexed semen" (Moore and Thatcher, 2006; Mapletoft and Hasler, 2005; Pursley et al., 1997; Foote, 1996) . Due to its relative simplicity and low cost AI still remains, however, the most common method of reproductive technology employed by dairy farmers in Ireland. While reproductive efficiency is important in all systems it is considered to have a higher importance in seasonal calving systems found commonly in countries such as Ireland, New Zealand and Australia (Dillon et al., 2006; Walsh et al., 2011) .
Previous research has found that the cost of semen, the cost of insemination and success rate all affect the probability of farmers using AI (Vishwanath, 2003) . The aim of this paper is to examine if there are any characteristics of the farm household and structural farm factors that affect the probability of farmers adopting this innovation. It is important to understand factors influencing the adoption of reproductive technologies in that reproductive management of dairy cattle is crucial to whole-farm profitability. In this paper we utilise a 15 year panel dataset taken from the Irish National Farm Survey (NFS) which contains information on approximately 300 dairy farmers each year to examine if background personal characteristics of the farmer as well as structural farm factors affect the utilisation of AI. First by way of background this paper discusses previous research findings on factors affecting farmers' adoption of agricultural innovations. Next we describe the panel dataset used in the analysis. The results of the study are presented in section 4 and finally section 5 concludes with a discussion of the papers main findings and their relevance for the agricultural sector.
Factors Affecting Farmers' Adoption of Agricultural Innovations
There is a large literature on the adoption of agricultural technology (for good overviews see Rogers, 2003; Sunding and Zilberman, 2001; Feder and Umali, 1993) . Viewed through a broad cross disciplinary lens, there is agreement that the adoption of agricultural technology depends on a range of personal, social, cultural and economic factors, as well as on the characteristics of the innovation itself (Pannell et al., 2006) . A meta level analysis of this type of research undertaken by Prokopy et al (2008) shows that education levels, capital, income, farm size, access to information, positive environmental attitudes, environmental awareness and utlilisation of social networks are generally positively, associated with the adoption of best management practices.
Narrowing the disciplinary focus, the agricultural economics literature on technology adoption emphasises the role of fixed and variable costs and heterogeneity, whether in terms of structural farm factors such as size or land quality, or the characteristics of farmers in terms of human capital (Sunding and Zilberman, 2001) . Focusing on factors outside the farm gate, Fulginiti and Perrin (1993) report a positive relationship between past output prices and current productivity, while Miller and Tolley (1989) show that market interventions such as price supports can speed up the adoption of new technologies.
The characteristics of the technology itself are also an important influence on farmers' technology adoption and usage decisions (Adesina and Zinnah, 1993) . In particular, the relative complexity, risk and investment characteristics of technologies significantly affect their adoption and diffusion (Batz et al, 1999) . Looking at the differences between capital-intensive and management-intensive technologies, El-Osta and Morehart (2002) found that age, size and specialization in dairy production increased the likelihood of adopting a capital-intensive technology, whereas education and size of operation positively impacted the decision to adopt a management-intensive technology. In this context, the risk preferences of farmers are also important in influencing the technology adoption decision, especially if capital-intensive technology costs are irreversible (Sunding and Zilberman, 2001 ).
Other parts of the social science literature emphasise the role of distance and geography in the adoption of agricultural technologies (Rogers, 2003; Diamond, 1999) . In this case, any significant travel costs involved in the initial learning about a technology and subsequently establishing it might reduce the likelihood of that technology's adoption. More recently, some economists and other social scientists have focused more explicitly on farmers' motivations, values, objectives and behavioural influences in the context of technology adoption (e.g. Rehman et al., 2007) . This literature focuses on explaining how social norms, beliefs about a technology's performance and importance and farmers' intentions to change practices impact on the adoption of technologies. Finally, many studies concur that interaction with extension services (Millar, 2010; Garforth et al., 2003; Butcher, 1998) and peer-group behaviour (Sauer and Zilberman, 2010 ) also positively impact farmers' technology adoption decisions.
It is clear from this brief review of the general technology adoption literature that many explanatory variables are considered important. Specifically in relation to breeding technologies, Khanal and Gillespie (2011) report that in the US dairy sector specialised, younger, more educated farmers are more likely to adopt advanced breeding technologies such as AI, sexed semen and embryo transplants. An analysis of the use of AI for Ugandan dairy farmers revealed that the age of the farmer, years of awareness of the AI technology, total farm milk production and sales, extension visits per year, and quality of AI services provided to the farmers were positively associated with adoption and use of AI technology. The factors negatively associated with adoption and use of AI technology included farm level cost of AI services, farming experience, herd size and breed of animals (Kaaya et al, 2005) .
The analysis that follows adheres to the strand of the literature identified above that focus on heterogeneity in structural farm and farmer characteristics as explanatory variables for technology adoption patterns. Variables such as risk, education and farmers' attitudes towards technology are excluded from the analysis due to limitations in the data set used.
Materials and Methods

The Panel Data Set
The data source employed for this research is the Irish national farm survey (NFS), 1995 to 2009, which was set up in 1972 and has been published on an annual basis since. The NFS is collected as part of the Farm Accountancy Data Network of the European Union (FADN 2005) . It determines the financial situation on Irish farms by measuring the level of gross output, costs, income, investment and indebtedness across the spectrum of farming systems and sizes and provides data on Irish farm income to the European Commission in Brussels and a database for economic and rural development research and policy analysis (Connolly et al. 2007) . A random sample of approximately 1,100 farms are surveyed each year representing approximately 104,800 farms nationally and the farm system variable is broken down into six different categories: Dairying farmers only, Dairying and Other, Cattle rearing (specialist cattle-mainly rearing), Cattle Other (mixed livestock and/or specialist cattle-mainly fattening), Mainly Sheep and Tillage Systems. For the purpose of this analysis we focus specifically on dairy farmers as these are the farm types with the greatest proportion of AI utilisation.
The NFS represents data of the form x it , where x it is a vector of observations for farmer i in year t. The data analysed in this study uses 15 years of the NFS, 1995 to 2009 to model the utilisation of AI by dairy farmers in Ireland. The dataset is unbalanced in the sense that many farmers do not stay in the sample for the full 15 years. Some drop out permanently while others drop out in one year but re-enter in the following year. New farmers are introduced as well during the period to keep the whole sample representative and at the approximate 1100 figure. On average farm respondents participated in the sample over the reference period for 9.36 years. Once a farm remains in the sample for a 2 year period (which need not be concurrent) it may be used in the panel data model.
The Logit model is a standard method for understanding the association between explanatory variables and a binary dependent variable (Greene, 2003) . The Probit model is another potential model, with a slightly different distributional structure, but producing qualitatively similar conclusions. We employ two variants of the model. Exploiting the panel nature of the National Farm Survey, we estimate a panel data random effects model. However as the dependent variable and many of the explanatory variables are relatively time invariant, we also estimate a pooled logit model.
A logit model can be specified in the form P(AI = 1) = f(B1itX1it + B2itX2it + ... + BnitXnit + eit) where f(z) = exp(z)/(1+exp(z)) As we observe individuals participation over time, it is possible using panel data methods to identify individual unobserved heterogeneity ui within the model in the following way P(AI = 1) = f(B1itX1it + B2itX2it + ... + BnitXnit + ui + eit)
Here the individual heterogeneity effect is what is known as a random effect as the model is estimated on a sample of the population. The model estimated the impact of characteristics of the farmer such as age, off-farm employment, presence of children; structural farm factors such as gross margin per livestock unit and stocking rate; participation in agri-environmental schemes and farm advisory services on the probability of a farmer using AI in any given year (see table 1 for a description of the structure of the variables utilised). These explanatory variables were chosen based on a review of the literature and a priori expectations of the characteristics that we believed should influence use of AI. Table 2 examines the proportion of farmers who use AI as a reproductive technology across all livestock farm systems between 1996 and 2009. It can be seen that AI use varies quite significantly across the different farm systems. First it can be seen that AI is used by a relatively low proportion of sheep farm systems (.36 ). This would be expected given the relatively high proportional cost of using AI for sheep reproduction. In relation to the cattle farm systems (specialist dairy, dairy and other and the two cattle systems farms) it can be seen in table 2 that there are significant differences in the proportion of these farmers using AI. In particular, the proportion of farmers using AI in the farm systems predominantly concerned with rearing cattle for beef production (cattle rearing and cattle other) is substantially below the proportion of farmers who use AI in the two dairying systems.
Results and Discussion
This would be consistent with trends in other countries where the majority of beef cattle are bred by natural service. AI is more widely used in the dairy industry as dairy herd cows are seen every day thus making it easier to inseminate them when they come into oestrus (Vishwanath, 2003) . In contrast, cattle are much less sighted in a beef herd thus making it much more difficult for a farmer to detect when it is the appropriate time for insemination. For the purpose of this paper we focus specifically on examining if there are any characteristics of the farmer or structural farm factors that predict the uptake of AI by those in the specialist dairy farm system, who as can be seen table 2 have the highest proportional use of AI. Table 3 outlines the proportion of farmers who use AI in any given year who also used AI in the previous period. Between 95 and 98 percent of farmers who used AI in any given year continue with its use in the following year. Therefore it can be seen that experience with AI is positively associated with the probability of a farmer using AI in a given year. It could be that once farmers have any experience with AI then the process becomes much easier in subsequent years thus making them more likely to continue with its use. Additionally it could be hypothesised that the positive relationship between previous experience with AI and its utilisation in any given year could be due to the fact that use of AI had a positive effect on the farm business thus making farmers more likely to continue with its application. <Table 1-3> Table 4 presents the results of a pooled logit and random effects model to examine if personal characteristics or structural farm factors affect the probability of a farmer using AI in a given year. The model results indicate that there is a variety of farm and farmer related characteristics that affect the probability of dairy farmers using AI in a given year which are discussed below.
Logit Model Analysis
In comparing the random effects and pooled logit models, we note that while there is little qualitative difference between models, a number of coefficients in the random effects model are insignificant. The reason for this is that the individual effect and the explanatory variables are correlated, as evidenced by the failure of the Hausman test which tests for this assumption. So effectively, some of the information contained in the relatively time invariant variables is being included in the random effects model. As our dependent variable does not change that much over time, with relatively few transitions in and out of AI, what is of more interest is the type of farm that is more likely to be a long term user of AI. Our pooled logit model is sufficient for making this interpretation and in what follows below we focus on the results from the pooled logit model. The reader should, however, be cautious in inferring causality between some of the explanatory variables with the dependent variable as there is likely to be significant endogeneity in models of this kind. So for example, while we observe that Teagasc clients are ceteris paribus more likely to use AI than non AI Teagasc clients, we cannot infer that it is Teagasc membership that drives them to use AI. It could be that the motivation to be a more profitable farmer drives both the decision to seek out extension support and at the same time use AI technologies. Assessing the causal impact of extension services on AI would require a proper experimental design, which is not really feasible in this situation. Nevertheless even if we cannot infer causality, associative results that are statistically significant help us to classify farmers that are more likely to use technologies helping in the design of better extension methodologies that can improve uptake.
Personal Characteristics
First age was negatively associated with AI use, in that relatively older farmers were found to be much less likely to use AI than younger age cohorts. It could be hypothesised that younger farmers may be better educated and therefore more aware of the benefits of reproductive technologies and also older farmers may be more conservative, less flexible and more sceptical about the benefits of AI utilisation. One further background variable found to affect the probability of farmers using AI was the presence of an off farm job. The use of AI can be much more labour intensive than using a bull to breed cows given the time required to observe cattle to detect when cattle are in heat and the time required assisting AI technicians. It could be hypothesised, therefore, that the negative relationship between having an off farm job and the use of AI could be attributable to labour costs and on farm labour availability. Farmers with children were also much more likely to use AI in a given period. It is difficult to ascertain without further qualitative work why farmers with children are significantly more likely to use AI on their farm. Perhaps these farmers are more likely to have a successor to continue on the farming business and are thus more concerned with having a profitable farm business to pass on to their heir.
Structural Farm Factors
Farmers with relatively higher gross margins per livestock unit were more likely to use AI than farmers with relatively lower gross margins. It could be that relatively more profitable farms recognise the benefits of using AI as a reproductive technology and are therefore more likely to use this as opposed to natural mating. It must be noted, however, that it is possible that this variable at least to some degree is capturing the fact that farmers who use AI are themselves more likely to have a higher gross margin. Farmers with relatively higher stocking rates were also more likely to use AI although this variable was not statistically significant. Farm size was negatively associated with use of AI. It could be that once we control for gross margin and stocking rate that this variable is capturing the effect of being in a more extensive rather than intensive farm enterprise.
A further characteristic of the farm found to have an effect on farmers' utilisation of AI was participation in an agri-environmental scheme (REPS). Specifically farmers who participate in REPS are much less likely to use AI as a reproductive technology than non REPS farmers. Under this scheme farmers were given financial incentives to adopt less intensive farming practices in order to meet environmental objectives. It could be hypothesised that farmers participating in REPS may be diversifying away from profit maximisation and traditional forms of commercial agriculture and so may be less likely to use AI in the same way as other farmers. The effect of participating in a farm advisory programme (Teagasc) was found to have a positive effect on the probability of farmers using AI. It could be that advisory services help make farmers more aware of the potential benefits of using AI as a reproductive technique. In particular, farm advisory services could provide useful advice on the impact of using AI over other reproductive technologies and the most efficient method of using AI. It must be noted, however, that there is a potential endogeneity problem with the inclusion of this variable in that those who involve themselves with advisory services may be more likely to adopt best management practices irrespective of any advice or help they receive. Finally we included a cost index taken from the Central Statistics Office representing the cost of veterinary services in Ireland over time as farmers who wish to use AI generally need assistance from vets or AI technicians. This variable was statistically significant and negative indicating that the higher the costs of these services then the less likely it is that a farmer uses AI. In addition to the coefficients of the model, as it is difficult to directly interpret the coefficients in a logit model, we also report the marginal effects. We calculate the impact of a marginal change in each explanatory variable, with all variables valued at the mean value for that variable. We interpret the marginal effects as the impact of a 100% change in the explanatory variable. Thus moving into work was associated with a reduced probability of taking up AI by 10%. Similarly joining Teagasc extension services is associated with an increase of 3% in the probability of using AI.
<Table 4>
Conclusion
Good reproductive management of dairy cattle is crucial to whole-farm profitability. The use of artificial insemination in particular has been of enormous economic benefit for dairy farmers in many countries such as Ireland through the genetic improvement of their stock. Despite these benefits, a significant proportion (18%) of specialist dairy farmers in Ireland continue to use natural mating over AI. Given the relatively high returns to the use of this technology due to improved breed quality, it is important to determine what factors affect farmers' decision to adopt AI. Previous research has determined that economic factors such as the cost of semen, cost of insemination as well as likelihood of success will affect the probability of farmers using reproductive technologies. This paper examined if there were any characteristics of the farmer as well as structural farm factors that affect the probability of farmers using AI.
A model of dairy farmers' utilisation of AI reproductive techniques allows a judgement to be made on the structural farm factors affecting the use of this agricultural innovation. More specifically, modelling the farm factors driving the uptake of AI enables the understanding of the differences between various types of landowners. This in turn it is hoped will better equip policymakers to design policies and programs that efficiently promote good reproductive management.
An important component of effective farm management is the willingness and ability of farmers to adopt appropriate new technologies (Altham and Guerin, 1999) . AI has been identified as the single most important technique ever devised for the genetic improvement of dairy cattle. Many technologies such as AI that would benefit pasture-based milk production are not always, however, adopted by dairy farmers (Flett et al., 2004) . The explanation for not using a particular farm technology is not always simply that it is irrelevant to farming needs (Austin et al., 1998) . The reported heterogeneity in adoption behaviour reported in this analysis would suggest that factors such as the cost of using this technology, potential benefits and also ease of use which is largely dependent on the characteristics of the farmer will all significantly affect farmers adoption of AI. More specifically, the analysis found a negative relationship between the cost of veterinary services and the adoption of AI which suggests that cost is a significant factor affecting farmers' decision making in relation to the use of this agricultural innovation. Farmers who are, all things being equal, more likely to receive benefits from the use of AI such as those with higher gross margins per livestock unit are more likely to use AI.
One further factor that potentially affects the use of AI is labour supply with farmers having an off-farm job much less likely to adopt AI. This could be due to time constraints of the individual farmer in that the use of AI can be much more labour intensive than using a bull to breed cows. This means that irrespective of any potential economic benefits some farmers may simply not have the time to implement this technology. Older farmers were also less likely to adopt AI. Education has previously been found to have a positive association with the adoption of new technologies (Prokopy et al. 2008 ) and it could be that age as used in this analysis is capturing the fact that relatively older farmers are on the whole less educated than their younger counterparts. Additionally, it could be that older farmers are more conservative in relation to the uptake of new management practices. The presence of children was also positively associated with the uptake of AI and this could reflect a greater willingness on the part of farm operators to adopt best management practices when a potential farm successor is in place. Finally consistent with previous research which has found that involvement in farm advisory programmes is positively associated with farmers' adoption of best management techniques (Millar, 2010) , farmers who participate in a farm advisory programme in Ireland were more likely to adopt AI.
Inadequacies within the NFS dataset include a lack of information on farmers' education and farmers' attitudes toward adoption of technologies (reproductive or otherwise). The inclusion of these in the model specifications, along with perceptions of the level of risk held by farmers towards the use of AI would add significantly to the knowledge about a farmers decision to utilise AI or not. Despite this shortfall the results in this paper still gives us rich farm specific information for a large number of farmers over a relatively long time horizon and the model allows us to make a judgement on the characteristics of farm households affecting farmers' decision making process. 
